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O ' CONNOR ET AL. 2 these variables, particularly age, self-rated health, and cognitive speed of processing, may also predict lower baseline driving mobility, declines in driving space and frequency, and increases in perceived driving diffi culty . However, fi ndings are mixed, perhaps due to population heterogeneity in patterns of driving self-regulation ( Ackerman, Vance, Wadley, & Ball, 2010 ) .
O'Connor, Edwards, Wadley, and Crowe (2010) and Ross and colleagues (2009) used random effects models to examine mean trajectories of older adults ' self-reported driving behaviors across 4 -5 years. On average, participants reported declines in their driving mobility, or increased self-regulation, over time. On the other hand, Ackerman and colleagues (2010) found that 64% of community-dwelling older adults ( N = 426) experienced stability in self-ratings of their driving across 3 years. The previous studies suggest that a normative population of older drivers may contain unobserved subgroups with different longitudinal trajectories, as well as different baseline levels, of driving self-regulation. Prior studies have not investigated this possibility empirically, so the characteristics of such subgroups are unknown. Certain older adults may drive less at baseline and reduce their driving over time to compensate for agerelated impairments, whe reas other drivers may maintain their driving over time.
Previous studies have either examined aggregate scores for driving self-regulation across the entire samples or grouped participants according to cutoff scores on cognitive tests ). These approaches may mask meaningful differences among naturally occurring subgroups ( Wang & Bodner, 2007 ) . Determining normative patterns of driving self-regulation among older adults will be helpful for developing models of driving behaviors among older adults , comparing normal driving patterns to those observed in clinical populations , and evaluating safety outcomes for drivers with different patterns.
Current Objectives and Hypotheses
The current study examined patterns of self-reported driving habits in a large community sample of older adults across 5 years. There were two main objectives. First, we used growth mixture models (GMMs) to identify latent clusters of participants who could be empirically distinguished in terms of their baseline driving or change trajectories. We hypothesized the existence of at least two clusters: a subgroup showing below -average baseline driving and increases in self-regulation over time and a subgroup displaying stability. Second, we examined whether cluster membership could be differentiated by baseline sensory, physical, and cognitive functioning. Given previously cited fi ndings, we expected that participants with increased selfregulation would be characterized by older age and poorer self-rated health, balance, depressive symptoms, vision, everyday functioning, memory, reasoning, and speed of processing.
M ethod
Participants and Procedure
We used data from the Advanced Cognitive Training for Independent and Vital Elderly (ACTIVE) study, a clinical trial that examined the effects of cognitive training interventions on older adults ' cognitive and everyday functioning ( for details, see Jobe et al., 2001 ) . Beginning in 1998, community-dwelling older adults were recruited from sites in Alabama, Michigan, Massachusetts, Indiana, Pennsylvania, and Maryland. Prospective participants fi rst completed in-person screening and baseline visits, during which assessments of cognitive and functional abilities were given. Individuals meeting the following inclusion criteria were accepted into the study: (a) age d 65 or older , (b) no significant functional impairment , (c) Mini-Mental State Examination score ≥ 23 , (d) no medical conditions with a high probability of functional decline , (e) far visual acuity of at least 20/50 , and (f) no communication diffi culties. Participants ( N = 2,802) were randomly assigned to a no-contact control condition or one of three intervention conditions (reasoning, speed of processing, or memory training). Follow-up assessments were conducted approximately two months, one year, two years, three years, and fi ve years after baseline. Driving mobility was assessed at baseline and each annual visit.
The present study utilized all available data from participants in the control group who reported driving at baseline ( N = 597). Analyses were limited to the control group due to the evidence that some of the cognitive training programs used in ACTIVE lead to improved driving capabilities and protect against declines in driving mobility ( Edwards, Delahunt, & Mahncke, 2009 ; Edwards, Myers, et al., 2009 ; Roenker, Cissell, Ball, Wadley, & Edwards, 2003 ) ; extending prior research on training effects was beyond the scope of the current study. Current participants had an average age of 73 to 60 years ( standard deviation [ SD ] = 5.78), and the majority were women (71.40% of the sample) and Caucasian (74.50% of the sample). Years of education ranged from sixth grade to the doctoral level, with a mean of 13.63 years ( SD = 2.69). A total of 116 participants were lost to attrition before the last follow-up assessment. Of these study dropouts, 25 died, 74 refused further participation, and 17 could not be contacted.
Measures
Demographics and attrition . -Relevant measures were baseline age, years of education, sex (coded as women = 0 and men = 1), race (coded as Caucasian = 0 and other = 1), and attrition (coded as nondropouts = 0 and dropouts = 1).
Balance. -Balance was measured by the Turn 360 Test ( Steinhagen-Thiessen & Borchelt, 1999 ) . Examinees were asked to stand and turn in a complete circle for two trials. Observers recorded the number of steps required to complete each turn, and fewer steps indicated better performance. The average number of steps across the two turns was used in analyses.
Depressive symptoms. -A 12-item version of the Center for Epidemiological Studies -Depression scale ( Liang, van Tran, Krause, & Markides, 1989 ; Radloff, 1977 ) was used to measure depressive symptoms. Respondents rated how often they experienced various symptoms over the week preceding the assessment, ranging from 0 (none of the time) to 3 (most of the time). Higher scores signifi ed more depressive symptoms.
Driving behaviors. -Overall driving self-regulation was measured by a composite of driving frequency, driving space, and driving diffi culty at each time point Ross, 2007 ) . These variables were assessed via the Driving Habits Questionnaire (DHQ; Owsley, Stalvey, Wells, & Sloane, 1999 ; Stalvey, Owsley, Sloane, & Ball, 1999 ) . Driving frequency was defi ned as the number of days (ranging from 0 to 7) that participants reported driving during a typical week. For driving space, participants completed six dichotomous items that assessed whether they personally drove beyond their property, neighborhood, or town during the past week and whether they drove beyond their county , state, or region during the past two months. Total scores could range from 0 to 6, with higher scores indicating greater driving space.
On the DHQ, participants reported whether they avoided eight challenging driving situations (e.g., driving at night and driving alone) and how much diffi culty they experienced with each situation (on a 4 -point scale from 1 = no diffi culty to 4 = extreme diffi culty). An administrative skip pattern was used in ACTIVE, such that each participant had data for diffi culty or avoidance, but not both. Therefore, participants who reported ceasing driving or avoiding a driving situation were coded as having extreme diffi culty, whereas those who did not avoid the situation were coded as having no diffi culty ( Ross, 2007 ) . The diffi culty items were reverse scored and summed to create a total diffi culty variable.
Then, the variables for driving frequency, space, and total diffi culty were converted to z scores and summed to form a global weighted composite for each time point. Lesikar, Gallo, Rebok, and Keyl (2002) used a similar composite to assess driving habits. The calculation of a global composite was desirable because driving space, frequency, and difficulty are signifi cantly correlated and have shown similar overall patterns of change for older adults ( Ross, 2007 ) ; we were interested in driving self-regulation as a whole; and GMMs require ample outcome variance to generate reliable solutions ( B. O. Muthén, 2004 Total scores on these tests were standardized and summed to create an everyday functioning composite. The EPT assessed practical problem-solving skills involving medication management, shopping, fi nances, household activities, meal preparation, transportation, and telephone use ( Willis, 1996 ) . Participants viewed 14 stimuli, such as medication labels and recipes, and answered two multiplechoice questions about each one. Total scores could range from 0 to 28 items correct. The OTDL involved behavioral simulations of actual tasks of daily living ( Diehl, Willis, & Schaie, 1995 ) . There were nine tasks with a total of 13 questions that assessed medications, telephone use, and fi nances; total scores could range from 0 to 28 correct responses.
The TIADL assessed participants ' speed and accuracy at completing everyday tasks involving real-world stimuli, such as fi nding items on a shelf and reading medication labels ( Owsley, McGwin, Sloane, Stalvey, & Wells, 2001 ) . Each task was timed and had a maximum time limit, and errors made during the tasks resulted in a time penalty. Total scores were global time composites in which lower scores indicated better performance . TIADL scores were reverse scored before being standardized and combined with EPT and OTDL scores.
Far visual acuity. -A GoodLite Model 600A illuminated cabinet with a standard Early Treatment Diabetic Retinopathy Study chart was used to measure far visual acuity ( Good-Lite, 2010 ) . Examinees read the chart from a 10 -foot distance, wearing corrective lenses if applicable. Ten points were given for each of nine lines read correctly. Total scores could range from 0 (a Snellen score of 20/125) to 90 (a Snellen score of 20/16).
Memory. -Memory was assessed via the Hopkins Verbal Learning Test (HVLT ; Brandt, 1991 ) , the Rivermead Behavioral Memory Test (RBMT; Wilson, Cockburn, & Baddeley, 1985 ) , and the Auditory Verbal Learning Test (AVLT; Jobe et al., 2001 ) . Total scores on these tests were standardized and summed to form a memory composite. On the HVLT, a list of 15 words was read aloud across fi ve consecutive trials. Following each presentation of the list, respondents recalled as many words as possible, and total scores were the number of words correctly recalled. Prose memory was assessed with the stories subtest of the RBMT. On this test, respondents listened to a passage of prose read aloud (54 -65 words) and, in a 2 -min time limit, wrote down as much of the story as they could recall. Words and phrases were " blocked together " and scored as individual units, with possible scores ranging from 0 to 21 correct answers.
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The AVLT involved the auditory presentation of 15 words, repeated across fi ve trials. After each trial, participants were given 3 min to write down as many of the words as they could recall. Total scores were the number of words correctly recalled across trials.
Reasoning. -Inductive reasoning was measured by the Letter Series test ( Thurstone & Thurstone, 1949 ) , Word Series ( Gonda & Schaie, 1985 ) , and Letter Sets ( Ekstrom, French, Harman, & Derman, 1976 ) tests. Total scores on these tests were standardized and summed to create a reasoning composite. In the Letter Series task, respondents were shown rows of 10 -15 letters, and each row contained a pattern. Respondents discerned the pattern and chose, from fi ve possible options, which letter came next in each row. There were 30 items with 6 min allowed for completion, and higher scores indicated more correct answers. The Word Series test was similar to the Letter Series task, but respondents discerned patterns among words instead of letters. In the Letter Sets task, respondents were presented with 15 rows, each comprised of fi ve sets of letters with four letters per set. Four of the letter sets shared a similar pattern, and respondents eliminated the one letter set that did not fi t. Seven minutes were allocated to complete the task, with higher scores indicating more correct answers.
Self-rated health. -Participants rated their health on a 5-point scale ranging from 1 = excellent to 5 = poor ( Jobe et al., 2001 ) .
Speed of processing. -Cognitive speed of processing was measured via the Wechsler Adult Intelligence ScaleRevised (WAIS-R) Digit Symbol Substitution Test (DSS; Wechsler, 1981 ) and the personal computer (PC), touch, 4 -subtest Useful Field of View Test (UFOV; . Total UFOV and DSS scores were z scored and summed to generate a speed of processing composite. DSS measured motor and perceptual processing speed. Participants received a grid of 93 empty squares with the numbers 1 through 9 above each square, as well as a key in which each number was paired with a symbol. In 90 s, participants fi lled in the empty squares with the corresponding symbols; total scores were the number of substitutions completed correctly.
UFOV measured speed of processing for visual attention tasks . Central targets (a car or a truck) were presented at durations ranging from 16.67 to 500 ms, and the subtests became progressively more diffi cult, requiring identifi cation of the central target as well as localization of a peripheral target embedded in distracters. Total scores could range from 66.68 to 2000 ms, and smaller scores indicated faster speed of processing (i.e., shorter display durations needed to correctly identify and localize the targets). UFOV scores were reverse scored before being standardized and combined with DSS scores.
Analyses
GMMs were used to examine patterns in the driving composite across the fi ve assessment points ( B. O. Muthén, 2004 ) . Conventional growth curve modeling assumes that individuals within a population vary around a single mean intercept and growth curve, but GMMs allow latent subgroups of individuals to vary around different mean intercepts and growth curves. In a GMM context, the term " subgroup " refers to a cluster or class of individuals within a heterogeneous population, and each individual ' s class membership is unobserved. GMMs can be represented as structural equation models with latent factors for intercept and slope, as well as a categorical latent variable representing class membership that loads on the intercept and slope factors. Parameters within each class, as well as the most likely class membership of each participant, are estimated by the models ( Li, Duncan, Duncan, & Acock, 2001 ; Wang & Bodner, 2007 ) .
In the current study, GMM analyses were conducted via Mplus (Version 5; L. K. Muthén & Muthén, 2007 ) . Parameter estimates were obtained using full-information maximumlikelihood estimation with the expectation-maximization algorithm, which allowed cases with missing data to be included. Time was centered at baseline, driving composites from each time point were standardized, and intercept and slope factors were allowed to covary. First, we tested two single-class models, one with a linear slope term and another with linear and quadratic slope terms. Differences in fi t between these models w ere evaluated using the − 2 Log Likelihood ( − 2LL) ratio test, which is computed as a chi-square statistic , in which degrees of freedom equal the difference in model parameters. Then, the best-fi tting model was run with additional numbers of classes specifi ed. The − 2LL ratio test is not appropriate for comparing models with different numbers of classes because such models are not nested ( B. O. Muthén, 2004 ) . Therefore, the optimal model was determined by the following fi t indices: Akaike information criteria (AIC), Bayesian information criteria (BIC), and the Lo -Mendell -Rubin (LMR) likelihood ratio test, which tests the null hypothesis that the model of interest was generated by a model with one less class ( Lo, Mendell, & Rubin, 2001 ) . In order to differentiate classes by slope alone, the previous analyses were repeated with baseline driving as a covariate.
Class membership for each participant was assigned by the best-fi tting GMM models. Next, multivariate analysis of covariance (MANCOVA) was used to examine betweenclass differences in terms of continuous baseline variables. Covariates were age and education, and dependent variables were depressive symptoms, balance, self-rated health, vision, everyday functioning, memory, reasoning, and speed of processing. Chi-square statistics were used to examine sex, race, and attrition differences between classes. This 2 -step approach, in which GMMs are followed by other statistical tests, was supported by B. O. Muthén, Jo, and Brown (2003) . Table 1 and Figure 1 . Class 1 had a negative intercept and slope, indicating that this group generally reported below -average scores on the driving composite at baseline and also declined over time. This class was called " decreasers. " Class 2 exhibited a signifi cant positive intercept, indicating above -average scores on the driving composite at baseline, and a fl at slope, indicating stability over time. Thus, this class was called " above -average stable. " Finally, Class 3 had an intercept close to the sample mean and a nonsignifi cant slope, so this class was called " average stable. " To examine the robustness of the 3 -class model, we replicated it after reducing fl oor effects by excluding participants who ceased driving during the study, drove less than 10 miles per week at baseline, or , if missing data for miles per week, did not drive beyond their neighborhood (total excluded N = 54). Additionally, the driving composite at each time point was log transformed to reduce skewness. The 3 -class structure held, and less than 5% of the remaining participants changed the class membership. Therefore, the 3 -class model was retained for interpretation.
Differences between classes. -An omnibus MANCOVA with age and education as covariates indicated that there were signifi cant differences between the classes in terms of the dependent variables, Wilks λ = 0.87, F (8,565) = 5.04, p < .01. Using an alpha level of .001 to test homogeneity assumptions ( Tabachnick & Fidell, 2001 ), Box ' s M test was not signifi cant, p = .01. The following main effects were signifi cant: vision, F (2,572) = 3.99, p = .02; depressive symptoms, F (2,572) = 7.37, p < .01; balance, F (2,572) = 11.73, p < .01; self-rated health, F (2,572) = 12.74, p < .01; reasoning, F (2,572) = 5.88, p < .01; everyday functioning, F (2,572) = 7.03, p < .01; and speed of processing, F (2,572) = 6.54, p < .01. Pairwise comparisons showed that decreasers exhibited more depressive symptoms and worse vision, balance, self-rated health, everyday functioning, and speed of processing relative to average stable and aboveaverage stable drivers ( p < .05). Decreasers also had lower reasoning than above -average stable drivers, and aboveaverage stable drivers had better self-rated health and reasoning than average stable drivers ( p < .05). Additionally, above -average stable drivers were signifi cantly younger and more educated than decreasers and average stable drivers ( p < .05), and above -average stable drivers were also more likely to be men , χ 2 (2) = 59.67, p < .01. Memory, attrition, and race did not signifi cantly differ by class. See Table 2 .
Models Adjusted for Baseline Driving
Extracting classes. -To extract classes differing in slope only, GMMs were estimated in which the intercept and linear slope factors were defi ned by the driving composite at the last four time points. Participants with suffi cient follow-up data ( N = 499) were included in these GMMs, and baseline driving was a covariate. additional fi t improvements with a 3 -class model, LMR = 79.71, p = .09, so the 2 -class model was interpreted. The first class (decreasers) comprised 18% of the sample ( N = 91) and had a signifi cant negative slope, and the second class (stable) comprised 82% of the sample ( N = 408) and had a nonsignifi cant positive slope. Thus, average stable and above -average stable drivers were collapsed into one class, whereas a class of decreasers remained distinct ( Table  3 and Figure 2 ) .
Differences between classes. -An omnibus MANCOVA with age and education as covariates was signifi cant, Wilks λ = 0.95, F (8,473) = 3.30, p < .01. At an alpha level of .001 ( Tabachnick & Fidell, 2001 ), Box ' s M was not signifi cant, p = .01. The univariate tests showed that, relative to the stable class, decreasers had signifi cantly more depressive symptoms, F (1,480) = 5.63, p = .02, worse balance, F (1,480) = 17.69, p < .01, poorer self-rated health, F (1,480) = 6.25, p < .01, slower speed of processing, Downloaded from https://academic.oup.com/psychsocgerontology/article-abstract/67/4/437/566463 by guest on 24 April 2019 F (1,480) = 6.21, p < .01, and worse everyday functioning, F (1,480) = 3.99, p < .01. Decreasers were also signifi cantly older ( p < .05). Education, memory, reasoning, vision, attrition, race, and sex did not differ between the groups; see Table 4 .
D iscussion
The current study used GMMs to examine whether a sample of older adults contained unobserved subgroups with different initial levels and growth trajectories of driving self-regulation. Without adjusting for baseline driving, models revealed three latent classes that were distinguishable by intercept or slope parameters: decreasers, average stable, and above -average stable drivers. Thus, our hypothesis regarding the presence of at least two subgroups was supported. Decreasers, the smallest class, drove less at baseline than the stable groups and showed declines in driving over time. above -average stable drivers had higher baseline levels of driving than average stable drivers, but these groups did not change signifi cantly over time. In models that adjusted for baseline driving, the above -average stable and average stable classes combined to form a single class, resulting in a 2 -class solution. The 3 -class solution is most relevant because it captures group differences in both level and change. However, the 2 -class solution is useful for examining slope differences alone.
When the overall sample was considered (i.e., the unrestricted single-class model), the average slope for driving self-regulation was negative, so it would appear that older drivers reduce their driving over time. This fi nding has been reported by previous studies Ross et al., 2009 ) . However, the current study suggests that stable driving habits characterize the majority of older drivers, whereas only a minority of drivers self-regulate over time. The current analyses illustrate how GMMs capture systematic population heterogeneity that cannot be modeled by other statistical methods, which may represent longitudinal data more realistically ( Wang & Bodner, 2007 ) .
Our second hypothesis that sensory, physical, and cognitive characteristics would signifi cantly differentiate the classes was generally supported. Decreasers, the group exhibiting the greatest amount of self-regulation, were significantly older and showed more depressive symptoms, poorer self-rated health, worse balance, worse vision, poorer everyday functional performance, poorer reasoning, and slower speed of processing at baseline relative to average stable and above -average stable drivers. Thus, drivers with age-related functional defi cits tended to reduce their driving accordingly. These fi ndings corroborate previous research (e.g., Anstey et al., 2006 ; Edwards et al., 2008 ) and support the Bäckman and Dixon (1992) model of psychological compensation.
Of the dependent variables, everyday functioning was not previously studied in relation to driving self-regulation, except for a study on driving cessation . In light of the present fi ndings, everyday functioning may predict reductions in driving as well as cessation. The main effects of visual acuity and reasoning on class membership were signifi cant for the 3 -class solution, but not the 2 -class solution that controlled for baseline driving. These discrepancies may have occurred because the 2 -class solution was limited to participants with adequate follow-up data, which may have reduced between-group variance for vision and reasoning. Vision and reasoning may also be more strongly associated with one ' s level of driving selfregulation than one ' s slope. Memory was not signifi cantly related to class membership in any of the models. This fi nding is consistent with Ackerman and colleagues (2010) and Edwards and colleagues (2008) , who found that memory was not related to driving cessation or self-rated driving, respectively. Relative to average stable drivers and decreasers, aboveaverage stable drivers were better educated , had better selfrated health, and were disproportionately men . Some studies have reported that women reduce their driving and cease driving more than men ( Kostyniuk & Molnar, 2008 ; ), but sex differences are not consistently found Ross, 2007 ) . It may be that sex and education infl uence one ' s overall level of driving more than one ' s slope, such that healthy, highly educated men drive more than average throughout their lives. In the present cohort of older adults, men are likely to have more driving experience than women ( Hakamies-Blomqvist & Siren, 2003 ) . Later cohorts may not show sex differences in terms of driving expertise or behaviors.
Although the present study yielded informative fi ndings regarding self-regulation and older adults, there are some limitations. First, we maximized outcome variance and reliability by creating a composite of driving behaviors. When we conducted analyses of separate driving behaviors in addition to the composite, the solutions either did not converge or did not contribute new information. However, previous studies have analyzed driving space, frequency, and diffi culty as separate outcomes. Any concerns are lessened by the knowledge that these variables have shown similar overall patterns of change for older adults . GMMs also carry a heavy computational load, so there may not have been suffi cient power to detect quadratic slope effects ( Wang & Bodner, 2007 ) . Despite these limitations, the classes generated in the present study appeared well differentiated and representative of the observed means ( Figures 1 and 2 ) .
Another limitation is that driving habits were measured via self-report , and objective assessments of driving skills were not examined. These concerns are lessened by the knowledge that there are signifi cant positive correlations between self-reported and objectively measured driving patterns and that the DHQ is a reliable and valid measure of driving for older adults ( Marshall et al., 2007 ; Owsley et al., 1999 ; Stalvey et al., 1999 ) . However, it is important to corroborate the present fi ndings with objective assessments in future studies because older drivers may underestimate their actual driving frequency ( Blanchard, Myers, & Porter, 2010 ; Freund et al., 2005 ) . It is also important to examine how patterns of self-regulation affect driver safety, as Ross and colleagues (2009) found that self-reported driving restrictions did not attenuate crash risk.
The ACTIVE data set lacks information about other factors that may infl uence driving self-regulation, such as alternate transportation opportunities, self-effi cacy, feedback on driving performance, and interpersonal relationships ( Ackerman, Crowe, et al., 2010 ; Ackerman, Vance et al., 2010 ; Freund & Szinovacz, 2002 ) . Further research should examine how these factors affect driving mobility across time. The present fi ndings should generalize to community-dwelling, healthy older adults residing in the Eastern half of the United States, considering ACTIVE sample characteristics ( Jobe et al., 2001 ) . However, clinical populations of older adults, such as those with dementia, may show different, less appropriate patterns of self-regulation ( Baldock et al., 2006 ) . Additionally, future work should use GMMs to examine the impact of cognitive training on driving self-regulation.
In conclusion, we found distinct patterns of self-reported driving self-regulation among older adults across 5 years. Most drivers maintained their driving over time at different levels, whereas a minority of drivers with lower baseline functioning self-regulated by reducing their driving. Thus, some older drivers with age-related impairments appeared to adjust their driving accordingly. 
